ABSTRACT Haze is a common phenomenon in remote sensing images, which limits their applications. In this paper, a novel adaptive dehazing method is proposed for remote sensing images. First, a new prior, namely, dark channel-saturation prior, is developed based on the relation between dark channel and saturation of haze-free remote sensing images. Second, optimal transmission is estimated through the proposed prior on the basis of haze imaging model. Finally, using the estimated transmission, haze is removed from the images through the haze imaging model. Because no parameter needs to be set manually in this proposed method, the nonuniform haze can be adaptively removed. Experiments are carried out on simulated images and real images respectively. Compared with the other state-of-the-art methods, the proposed method can recover the scene in hazy regions more clearly along with better information retainability in haze-free regions.
I. INTRODUCTION
Remote sensing images can provide sufficient information for meteorological monitoring, resources investigation, military reconnaissance and many other fields. However, these images are usually degraded by the weather conditions, such as haze, fog, and semitransparent cloud, which are uncontrollable and will affect the results of subsequent image interpretation. Hence, it is imperative to develop a scheme which removes haze, fog or semitransparent cloud from remote sensing images to improve their application value. Because these phenomena (haze, fog and semitransparent cloud) are similar and not distinguished in the existing literatures, in this paper, the term haze is uniformly used for describing these weather conditions.
Existing dehazing methods of remote sensing images include radiative transfer based methods and image based methods. Radiative transfer based methods such as LOWTRAN [1] and MODTRAN [2] are accurate in terms of dehazing, however, it's difficult to acquire all the detailed parameters of geographic and atmospheric conditions [3] . By contrast, image based methods require no additional information except image data, which have been widely used in dehazing field [4] .
Traditional enhancement methods like histogram equalization (HE) and retinex can be used to remove haze. Fu et al. [5] developed a remote sensing image enhancement method combining HE with the discrete cosine transform (DCT). Wu et al. [6] improved the remote sensing image quality using multi-scale retinex (MSR). Shen et al. [7] proposed a method in the frequency domain based on homomorphic filter to remove haze from visible remote sensing images. Because enhancement methods do not consider the reason of image degradation, they can eliminate slight haze but fail in thick haze, and color distortion is easily caused. With the first physics imaging model developed in [8] , a bunch of dehazing methods based on different imaging models are proposed and gradually become predominant in the outdoor image field [9] - [11] and the remote sensing image field [12] , [13] . These approaches improve the dehazing results notably since the model is designed based on the mechanisms of atmospheric scattering. Makarau et al. [12] and Qi et al. [14] restored the haze-free remote sensing image from Landsat and AVNIR-2 through subtracting its corresponding haze thickness map (HTM) which is constructed by searching dark objects locally in the image, and their dehazing effect is more significant than enhancement methods. Makarau's method can dehaze for multispectral bands including visible, near-infrared and shortwave infrared channels. Since visible bands are degraded by haze more easily, some dehazing methods focus on visible bands. Zhang et al. [13] proposed a haze optimized transformation (HOT) method based on the correlation between the blue and the red bands. [16] strategies were developed to make HOT method more suitable and robust. Singh and Vijay [17] , [18] estimated haze through a fourth-order partial differential equations based trilateral filter.
In recent years, a lot of research tasks, such as target detection [19] , [20] , image segmentation [21] , [22] , have been developed on remote sensing images from Google Earth. Google Earth images have become one of the important data sources. Therefore dehazing for these images is needed in order to support the subsequent image analysis and application. Ni et al. [23] removed haze from Google Earth images through a linear intensity transformation combined with local property analysis. Among model-based dehazing methods, the method based on dark channel prior [24] is the most representative. Long et al. [25] utilized the dark channel prior and a low-pass Gaussian filter to estimate the transmission. Considering the difference in the dark channel statistic features between remote sensing images and outdoor images, Pan et al. [26] deformed the haze imaging model by introducing a translation term to achieve dehazing effects.
All the methods mentioned above either improve the performance to make the recovered color vivid or focus on the evaluation of the processing speed. Few of them put the emphasis on removing nonuniform haze adaptively. Spatially varying haze is common for remote sensing images. Using these methods above to remove haze from remote sensing images often leads to two phenomena: 1)under dehazing, haze cannot be removed completely; 2)over dehazing, the original information is changed in haze-free regions and color drift is caused in hazy regions. A good dehazing method can keep the information of haze-free regions unchanged as much as possible and meanwhile, remove haze from the hazy regions without color drift and texture distortion. Hence, adaptive dehazing is needed for remote sensing images.
Recently, learning-based methods have been developed to remove haze from outdoor images and remote sensing images. Tang et al. [27] used a regression model based on Random Forest to predict the medium transmission. Cai et al. [28] used a convolutional neural network (CNN) model to regress the transmission from outdoor images. Jiang and Lu [29] designed a multi-scale residual network to remove haze from remote sensing images. Cai and Jiang regarded the transmission map as locally constant, they regressed the transmission through the network, which will easily cause error estimation. Qin et al. [30] fused multiple CNN individuals dehazing results with weight maps to remove haze from multispectral remote sensing images end to end. The method regressed the clear image directly, which can obtain better dehazing results.
In this paper, a novel adaptive dehazing method is proposed for remote sensing images from Google Earth, which are 8-bit and three-channel RGB data. Our main contributions are as follows:
(1) We analyzed the relationship between dark channel and saturation in remote sensing images through statistic, and proposed a new prior combining dark channel with saturation, which is more suitable for remote sensing images than traditional dark channel prior.
(2) Based on the new prior, the transmission estimation formula is re-derived, and the nonuniform haze in the images is adaptively removed. In addition, the information of haze-free regions is retained.
The remaining of the paper is organized as follows. Section II describes the haze imaging model which is employed in this work. In Section III, we propose the novel adaptive dehazing method, and Section IV presents and analyzes experimental results. Section V concludes this work.
II. HAZE IMAGING MODEL
Haze imaging model supports the general framework for single image dehazing and most of the present algorithms [31] , [32] are based on it. According to Koschmieder's law for transparent objects [33] , it can be described as:
where x = (x, y) represents the location of a pixel, I(x) stands for the observed image, L ∞ is the atmospheric light, ρ(x) is the reflectance of an object in the image, β is the atmospheric attenuation coefficient including absorption and scattering, d(x) is the distance between an object and the observer. In (1), the first term L ∞ ρ(x)e −βd(x) is the direct attenuation, the second term L ∞ (1 − e −βd(x) ) is the airlight. Let J(x) = L ∞ ρ(x), t(x) = e −βd(x) and A = L ∞ , (1) can be rewritten as
where J(x) is the scene radiance needed to be restored, A is the global atmospheric light and t(x) is the medium transmission describing the portion of the light that is not scattered and reaches the camera. Equation (2) is exactly the imaging model used in dehazing. The purpose of dehazing is recovering the scene radiance J(x) from a given hazy image I(x). I(x) is the only known variable. In order to resolve the ill-posed problem, the atmospheric light A and transmission t(x) need to be estimated. And once A and t(x) are estimated, the scene radiance J(x) can be recovered by:
The atmospheric light is always estimated from the most-opaque region of a single hazy image and the present estimation methods are semi-automatic [34] or automatic [24] - [26] . After obtaining the atmospheric light, the transmission can be estimated. There are also two categories: methods based on priors or assumptions [24] , [35] , and learning-based methods [27] - [29] . VOLUME 6, 2018
III. ADAPTIVE DEHAZING
Dark channel prior proposed in [24] is based on the observation on outdoor haze-free images, that is, in most of the nonsky patches, at least one color channel has some pixels whose intensities are very low and close to zero. Its definition can be described as:
where J d (x) is the dark channel, c is one of the color channel, (x) represents a local patch centered at pixel x. According to [26] , the average intensity of remote sensing images' dark channel is low, but not close to zero. This is because that the imaging distance is long, and even on a clear day, suspending particles still exist, in addition, even if at polar regions with scarce aerosols, a path radiance from molecules also exists and again diffuses light, thus weakens the brightness of the color for remote sensing images. Therefore, in spite of the success of dark channel prior on outdoor images, if applying it to remote sensing images directly, inaccurate dehazing results will be caused. Long's [25] and Pan's [26] methods are based on dark channel prior to dehaze for remote sensing images, in which some improvements are employed to make the prior suitable for remote sensing images. But because some parameters need to be set, they can not remove nonuniform haze adaptively. In this paper, a new prior applicable to remote sensing images is proposed, which can remove spatially varying haze adaptively.
A. DARK CHANNEL-SATURATION PRIOR
The saturation represents the purity of color. For a patch, we define its saturation as the maximum saturation of the pixels in it,
where J r (y), J g (y), J b (y) denote the three channels of pixel y, W is the number of intensity levels of the image, in this paper, W is fixed to 255. For a clear patch, the higher the saturation is, the more vivid the color becomes. Meanwhile, according to dark channel prior [24] , the value of the dark channel for a clear patch is small. For a patch, we calculate the difference between the saturation of the patch using (5) and the saturation of the pixel whose dark channel value is the smallest in this patch. Figure 1 is the statistic results of 125000 patches with size 11×11, which are from 5000 haze-free remote sensing images with different land cover types manually picked up from Google Earth, where (a) is the histogram of the different values and (b) is the corresponding cumulative probability curve. As can be seen, there are 75.4% of patches whose saturation different values are zero and 97.2% of patches are less than 10, which means for most patches, it is the same pixel which decides the dark channel value and the saturation value. Therefore, dark channel and saturation are a pair of features complementing each other for a clear image or patch.
Since a remote sensing image's dark channel does not always tend to zero, we use saturation to adjust these nonzero values. Therefore, the dark channel-saturation prior is defined as:
where the maximum operator is applied to avoid possible negative values. Figure 2 shows an instance of the dark channel-saturation prior, where (a) is an original remote sensing image, and (b) is its corresponding dark channel. It can be seen that the dark channel prior loses its effectiveness for remote sensing images since the values of dark channel in haze-free region are still more than zero. Fig. 2(c) is the saturation of (a). Clearly, dark channel and saturation do have the opposite property. Fig. 2(d) demonstrates the map of the dark channel-saturation using (7) . As can be seen, its values in haze-free region are very low, and even close to zero. Fig. 3 is the statistic of dark channel-saturation on 5000 haze-free remote sensing images, where (a) is the histogram of the intensity in dark channel saturation map and (b) is the histogram of the average intensity of each dark channel-saturation map. It can be seen that the dark channel-saturation intensity of 91.2% of pixels is below 25. Thus similar to the property of dark channel prior for outdoor images [24] , we achieve the conclusion that the values of dark channel-saturation map for clear remote sensing images are very low and even close to zero:
B. ATMOSPHERIC LIGHT ESTIMATION
Before calculating the transmission, atmospheric light needs to be estimated. The atmospheric light is usually estimated from the most-opaque region of a single hazy image [24] . In [26] , the locations of top 0.1% brightest pixels in the dark channel-saturation map are selected as the candidate region and then the atmospheric light A is estimated using the average value of the brightest pixels in that region of the input image. In this paper, the same method is adopted to obtain the atmospheric light A, and it is denoted as a scalar A 0 in the remaining paper for simplicity.
C. IMPROVED TRANSMISSION ESTIMATION
In (2), transmission is a function about extinction coefficient β and the distance d(x) between an object in the image and the observer. Extinction coefficient β is negative correlated with the wavelength λ and positive correlated with haze turbidity T [36] . And it is commonly assumed to be constant for different wavelengths in many methods dealing with particles that the size is larger compared with the wavelength of light, such as fog, haze, aerosol, etc [31] . For remote sensing images from Google Earth, the spectral information is unavailable, and the wavelength is also usually neglected when estimating the transmission, which is image-derived [23] , [25] , [26] . For a hazy remote sensing image, we assume the transmission to be constant locally, and according to the dark channel-saturation prior, the values of dark channel-saturation map for a dehazed remote sensing image, denoted as J ds , should be very low and even close to zero. Equivalently, the difference value between J d , the dark channel of a restored image and J s , its corresponding saturation, should be close, see (8) . And they can be computed through:
Therefore, J ds can be obtained through:
Since a patch's dark channel and its corresponding saturation is decided by the same pixel, so J ds can be further calculated as:
where min c∈(r,g,b) J c (y) can be expressed using (3),
Therefore,
where W I is the sum of three channels,
According to the dark channel-saturation prior, the estimated transmissiont can be obtained through,
In order to obtain the optimal transmission, grid search method is adopted to find the minimal | J ds | value by gradually increasing t with a short interval within the range [0, 1]. In this paper, the interval is set to 0.05. The t corresponding to the minimal | J ds | is regarded as the optimal estimation of the transmission. The transmission estimation is the key to remove haze adaptively and decide the dehazing effect whether significant or not.
Finally, a guided filter [37] (the radius of a window is 21 and is 0.1) is used to transfer structure from the original image to the final refined transmission and avoid some halos and block artifacts at the same time. With the estimated atmospheric light and the refined transmission, the scene radiance can be recovered according to (3) .
IV. EXPERIMENTAL RESULTS
The performance of the proposed method is evaluated by comparing with the six state-of-the-art algorithms, including HTM [14] , He et al. [24] , Long et al. [25] , Pan et al. [26] and two deep learning methods Cai et al. [28] and Qin et al. [30] . For fair comparisons,we retrained Cai's and Qin's networks on the synthesized hazy remote sensing images, which are obtained through the haze simulation method in [38] . In order to verify the effectiveness of the proposed method, the analysis for experimental results is conducted from two aspects: quantitative comparisons, visual comparisons.
A. HAZY REMOTE SENSING IMAGE SIMULATION
According to [38] , we first extract the transmissions from real hazy images, and then take the extracted transmissions as masks and add them to clear images through the haze imaging model (2) to generate the simulated hazy images. Fig. 4 and Fig. 5 are hazy image simulation instances. In Fig. 4 , the right column is the extracted two transmission masks from the real images in the left column. Adding the two extracted transmission masks to the clear image in Fig. 5 (a) through haze imaging model (2) respectively, two synthetic images with different haze distributions are generated, see 
B. COMPARISONS ON SIMULATED IMAGES
In this section, we test the performance of the seven methods over the simulation dataset, including six comparison methods and the proposed method. Fig. 6 shows the dehazing results of a synthetic image with slight and uniform haze, where (a) is the reference image without haze, (b) is the simulated image generated by a uniform transmission, and from (c) to (i) are the dehazing results of HTM, He's method, Long's method, Pan's method, Cai's method, Qin's metohd and the proposed method, respectively. In Long's method, a parameter M needs to be set experimentally for each image, which is 20 in Fig. 6(g) . For Pan's method, a parameter C needs be determined, which is fixed to 27 for Google Earth images [26] . From Fig. 6 , it can be seen that HTM is not successful, He's method, Cai's method and Qin's method cause obvious color drift, Long's method and Pan's method lead to over dehazing phenomenon, and the color of the dehazed image is over enhanced, while our method has a good dehazing result and the closest color to the reference image among these methods. Therefore, the proposed method outperforms the six comparison methods in color retainability. result contain residual haze, and their color are changed obviously. Pan's result and our result have closer color to the original image compared with other algorithms, but Pan's method makes the color of dehazed image become dark. Therefore our method has better haze removal effect and color maintenance relative to the six comparison methods.
1) DEHAZING EFFECTIVENESS
Taking the reference image as ground truth, the dehazing result can be evaluated quantitatively by calculating statistics of three RGB bands. The metric mean square error (MSE) and structural similarity index (SSIM) [39] are used. Small MSE denotes a good dehazing result. SSIM represents structural similarity, the closer the SSIM to 1, the more similar the two images. According to [40] and [41] , the hue component in HSI space changes little after dehazing for a good dehazing method. Therefore, we also calculate the difference value of hue H between the dehazed image and its corresponding reference image to evaluate the color change. The smaller the H , the better the color is retained. Table 1 shows the average values of MSE, SSIM and H for the 200 synthetic images. Obviously, our approach outperforms the other six ones. 
2) TRANSMISSION ESTIMATION
For a dehazing method, the more accurate the estimated transmission, the better the dehazing result. Fig. 8 shows the estimated transmissions for synthetic images generated using the same transmission but under different scenes, where the FIGURE 8. Estimated Transmissions, where the first row shows the transmission ground truth, the second row shows simulated images under different scenes using the transmission, from the third row to the last row are estimated transmissions from three simulated images using He's method, Long's method, Pan's method, Cai's method and the proposed method, respectively. first row shows the transmission ground truth, the second row shows simulated images under different scenes using the transmission, from the third row to the last row are estimated transmissions from three simulated images using He's method, Long's method, Pan's method, Cai's method and the proposed method, respectively. Considering that HTM and Qin's method cannot estimate the transmission, they are excluded here. It can be seen that the transmissions extracted by the four comparison methods are influenced by textures of ground objects, and they are changed under different scenes, which decreases the accuracy of the recovered information. While our extracted transmissions under the three different scenes are nearly the same to each other, and they are very close to the ground truth (see the first row in Fig. 8 ) and nearly not influenced by textures of ground objects. Therefore, our transmission estimation is more stable and the recovered images using our transmission are more accurate. Taking the transmission masks used in simulating images as ground truth, we compare the extracted transmission from simulated hazy images with their ground truth. Similarly, the metric MSE and SSIM is computed to evaluate the estimated transmissions by the four methods. Table 2 gives the statistic results for the 200 synthetic images. It can be seen that, with the lowest MSE and the closest SSIM to 1, our method can obtain the most accurate transmissions.
C. COMPARISONS ON REAL IMAGES
In this section, the performances of the seven dehazing methods are tested on real hazy remote sensing images. Fig. 9 shows visual comparisons of different algorithms on a real hazy remote sensing image. Obviously, many texture details are lost in HTM's results, He's, Long's and Pan's algorithms over estimate the densities of haze and lead to over enhancement on color. Cai's method can't remove dense haze, and Qin's method makes hazy regions dim after dehazing. Our method recover most scene details occluded by haze and maintain the original color. compared methods' results are easily influenced by the texture of the ground objects. In addition, the red rectangle region in Fig. 9(a) is haze-free, obviously, the compared four methods over estimate the thickness of the haze. While our method is insensitive to the ground object texture, and visually, the estimated transmission has the similar distribution with the real haze in the image. Therefore, for real hazy images, our method can extract transmissions more correctly and restore the scene more accurately than the compared methods.
1) DEHAZING FOR HAZY IMAGES

2) DEHAZING FOR HAZE-FREE IMAGES
Even though the results after dehazing and enhancing are more attractive and vivid (like Fig. 9 (e) and (g)), an effective dehazing method should recover the original scene as well as possible, and meanwhile, keep the haze-free region unchanged. Fig. 11(a) is several dehazing instances for haze free images, where the second row is the haze-free region from the red rectangle in the first row, from the third row to the last row are dehazing results of the six comparison methods and the proposed method. It can be seen that, HTM's results are close to the original images in the last two columns, while cause obvious color change in the first column. He's, Long's, Pan's and Cai's methods make the haze-free region become dark more or less. While the color of dehazed image using Qin's method and our method are the closest to the original image. Table 3 gives these methods' average MSE, SSIM and H metrics of three images in Fig. 11 . Clearly, the difference caused by the proposed method is smaller than other methods. Therefore, our method has the best information retainability for the haze-free region or clear image among these methods. Fig. 12 shows more dehazing instances for real images with haze, where the first row is the real images with different land cover types, and from the second row to the last row are the dehazing results by the six comparison methods and our method. In these real images, the one in the first column is with nonuniform haze, and the last two ones contain snow and water respectively. It can be seen that, HTM and Cai's methods can not correctly recover the clear scenes. He's, Long's and Qin's results have obvious color drift, and especially long's and Qin's methods, the snow in the second image is false removed as haze. Pan's method and our method have better dehazing effects than other five methods, but Pan's results have color change in the first and the last images. In addition, although the images dehazed by Pan's method in Fig. 12 look acceptable, they actually have lower accuracy VOLUME 6, 2018 than our dehazing results because the transmissions estimated by Pan's method are easily influenced by the ground object texture(see Fig. 10 ). Therefore, with clear recovered scenes and good color consistency, our method outperforms the six comparison methods.
3) DEHAZING FOR MORE REAL IMAGES
Real hazy images have no references, and the dehazing results will change a lot compared with their original images. Therefore, MSE and SSIM can not be used to assess the dehazing result. Here, we calculate the value of H between the dehazed image and its original image to evaluate the dehazing performance of different methods. A better dehazed image should have lower H . Table 4 shows the average H of the three images in Fig. 12 . Clearly, our method has a better dehazing performance on real hazy images. Table 5 shows the average dehazing time of our method and other six compared methods in 200 simulated images. All experiments are done on the PC with 3.5 GHz Inter Core i5 6600K Processor. Two learning-based methods are tested in Caffe with CPU, other methods are tested in MATLAB 2018a. It can be seen that our method's processing time is very close to He's and Pan's methods, and less than other four methods. Considering that our method has the best dehazing effect, it is superior to other methods. 
D. COMPUTATIONAL COMPLEXITY
V. CONCLUSION
In remote sensing images, haze phenomenon is common, which influences the subsequent analysis results. Although some dehazing methods have been developed, adaptive dehazing is still a difficult point. A good dehazing method should restore the information occluded by haze and at the same time, keep the information unchanged in haze-free region. In this paper, a novel adaptive dehazing method based on haze imaging model is proposed for the remote sensing images from Google Earth. Dark channel and saturation are a pair of features complementing each other for a clear image. And a powerful prior, namely dark channel-saturation prior, is proposed for remote sensing images. Based on the new prior, the optimal transmission is estimated, and the spatially varying haze is removed. Since no parameter needs to be set, the proposed method is adaptive. Experimental results show that compared with other state-of-the-art dehazing methods, the transmission extracted by our method is insensitive to the ground object texture, and the nonuniform haze is effectively removed, and at the same time, the information in haze-free regions is well retained. 
